ABSTRACT In order to solve the segmentation degradation phenomenon when the number of super pixels is low, we propose a novel color image segmentation algorithm based on GrabCut. The method integrates Bayes classification with simple linear iterative clustering (SLIC) and then use the GrabCut method to obtain the segmentation. The SLIC is applied to cluster the features of a color image and integrated it into the GrabCut framework to overcome the problem of the image segmentation deterioration when the number of super pixels is low. In addition, we extend the Gaussian mixture model (GMM) to SLIC features and GMM based on SLIC is constructed to describe the energy function. The color clustering can be suitably integrated into the GrabCut framework and fused with the color feature to achieve more superior image segmentation performance than the original GrabCut method. For easier implementation and more efficient computation, the Bayes classification is chosen for reconstruction of the simplified graph cut model instead of the original graph cut based on the SLIC model. The min-cut algorithm technique served as the division measure in the simplified image space for more discriminating power. A classification strategy is presented, to effectively adjust the energy function so that the Bayes classification and SLIC features are efficiently integrated to achieve more robust segmentation performance. Finally, boundary optimization is proposed to dramatically reduce the boundary roughness of the GrabCut algorithm with satisfactory segmentation accuracy. As a practical application, the superior performance of our proposed method was demonstrated through a large number of comparative tests.
I. INTRODUCTION
Extracting a foreground object in a complex environment is of great practical importance in computer vision [1] . It is even more challenging to extract objects from color images by analyzing color feature, texture feature and regional characteristics of the image. As a result, color image segmentation has been studied for decades, and recently received much attention for a wide range of special effects. Due to the amount of information contained in images and their unpredictable complexity, efficiency is poor and time consuming, lacking in precision and impractical when applied to long image sequences. A general-purpose image segmentation technique should be able to accurately define the desired object boundaries or regions automatically or semi-automatically with minimal user input. Research is gradually trying to combine mathematical models with image segmentation in order to achieve this goal.
In recent years, the Graph Cut algorithm based on graph theory is a hot research direction in the field of color image segmentation. Graph cut was applied to the field of computer vision for the first time by Greig in 2001 [2] . Then, an interactive GrabCut color image segmentation algorithm based on Graph cut was proposed by Rother [3] . The user interaction can be relaxed to simply placing a rectangle around the object, followed by the GMM [4] of corrective editing. Afterwards, the Graph cut algorithm is iteratively used to estimate the GMM parameters until the entire algorithm converges. Recently, a new co-segmentation model by extending GrabCut to MGrabCut was proposed by Gao. It introduced the foreground appearance model of the other image to construct the unary term of current images, and the experimental results demonstrate the effectiveness of the proposed method [5] . Thus, segmentation results of Graph cut are improved.
GrabCut is a mathematical model based on graph theory, and is an NP-hard problem that needs to establish a Gaussian mixture model, then estimate the GMM parameters iteratively. Applying the model of the color image segmentation, although there will be a good segmentation effect, but the overall efficiency is low. In order to improve the efficiency of iterative segmentation, many scholars have conducted in-depth research. Li et al. [6] proposed a fast image segmentation approach based on the watershed algorithm by presegmentation. However, it is defective for over-segmentation problems of this method which leads to the poor segmentation effect. Achanta et al. [7] developed a simple linear iterative clustering [8] (SLIC). When compared to normalized cut [9] , graph-based approach [10] , GraphCuts [11] , MeanShift [12] , QuickShift [13] , and TurboPixel [14] , the SLIC block boundary error rate is lower and processing speed is shorter.
An et al. [15] proposed an image GrabCut segmentation algorithm by making the pre-segmentation points controllable. Contour surface and the segmentation accuracy can be improved after the use of SLIC for making the pre-segmentation and clustering the super pixel block. Hoever, serious segmentation errors will occur when the sampling super pixel t is fewer. González et al. [16] preprocess the Graph cut algorithm using the improved SLIC. Although precision and efficiency of the Graph cut algorithm are improved, there exist large segmentation errors when the pre-segmentation, super-pixel block number is less.
In order to solve the above problem, we propose a novel color image segmentation algorithm based on GrabCut. First, the SLIC algorithm is used to cluster the image, and the RGB mean of each pixel block that was clustered is then applied to reconstruct the simplified Graph Cut model. Next, Bayes classification is used to classify hyper pixels in the simplified Graph Cut model, and the SLIC algorithm is then applied to cluster the image again. The GMM parameter estimation is then performed. Finally, the minimum cut algorithm is used to obtain the optimal image segmentation model. Experiments using real natural scene images demonstrate the superior performance of our proposed method.
II. IMPROVED GRABCUT IMAGE SEGMENTATION ALGORITHM BASED ON SUPERPIXEL
In this section, we introduce the following: the GrabCut algorithm, SLIC algorithm, minimum-error Bayes classification and improved GrabCut segmentation algorithm based on SLIC. Based on mathematical deduction and analysis, the problems of the existing algorithms are identified and an improved algorithm was proposed. 
A. GRABCUT ALGORITHM
GrabCut is an interactive image segmentation algorithm based on Graph cut. First, the graph theory model is designed to map the image to a network diagram s-t which contain the source point s and sink point t. The point set in the network diagram is used to represent the pixel point in the image, and the edge set between the points is used to represent the degree of correlation between the pixels. The network diagram can then be performed to map into a function f which vertex has been use as V of {s, t} to {0,1} mapping. Fig. 1 is the s-t network diagram. When f (v) = 1, v ∈ s; when f (v) = 0v ∈ t. Thereafter, the user need to interactively select a rectangle which consist of the target area in the image. The area outside the rectangle is then designed as the background area (T B ), the area of the rectangular box is designed as an unknown area (T U ), and we initialize the background region GMM and the unknown region GMM according to the marked result. The unknown area T U will be divided into two regions: the target region and background region. The above two regions are demerged by the maximum flow / minimum flow s-t cut. At the same time, the GMM parameters are updated iteratively. The network diagram will be segmented after the algorithm converges, and we obtain the corresponding GMM parameters. The GrabCut algorithm is a simple interactive segmentation to reduce the workload of image segmentation. Segmentation precision of image is improved.
B. SLIC ALGORITHM
The SLIC is a simple and efficient iterative clustering algorithm that is improved based on the K-means clustering algorithm [17] . This algorithm is used for the automatic segmentation of color images, and obtains the fast clustering speed, smooth and precise location edges, and controllable number of segmentation pixel blocks. The algorithm has been widely used in color image engineering pre-processing.
Two parameters need to be set in SLIC: the number of super-pixels K and the compact coefficient m. The number of divided area blocks can be controlled by setting K .
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The degree of fit of the boundary can be changed by changing the compactness coefficient m. The larger the number, the neater the pixel blocks. At the beginning of the algorithm, the image is transformed into the CIELAB color space. Then, according to the set number of super pixels K the image is divided into super pixels with size S=(N/K)1/2, and the number of seed points can be obtained from the super pixel size S. The seed points of every super pixel are represented by the follow five parameters: I, a, b from the CIELAB color space andx, y from its position information. The specific value of the corresponding super pixel block is calculated by the size of the pixel block and the number of seed points perrow and per-rank in the image. All pixel distances d(i) are set to ∞, and the classification marks l(i) are initialized to −1. Pixels in the 2S×2S region are determined to belong to the target or background through the current seed points location and each pixel distance D. The computation formula is:
where i and j represent two pixels, m is the compact coefficient, S is the expected side length of the super pixel, d c is CIELAB color space color difference value, and d s is the space distance between pixels. In order to avoid the clustering error at the edge of the image, the algorithm will be recalculated the seed points location and the new seed points should be moved in the minimum direction of the gradient. The gradient of the image is calculated as follows:
where I (x, y) is the pixel (x, y)'s lab value; and · is L 2 's norm.
C. MINIMUM ERROR BAYES CLASSIFICATION
Since the pre-treated simplified network diagram needs to be highlighted in the foreground, each component of the RGB in the histogram will be divided into two categories by Bayes classification [18] . Suppose each pixel value in the background or foreground has equal probability and is mutually independent. The RGB components have equal probability and are mutually independent. Components of no class label in the data sample are showed using the n-dimensional feature vector l = {l 1 , l 2 , . . . l n }, which represent the values in n attributes {M 1 , M 2 , . . . M n }. The unknown sample will be distributed to the foreground and background according to the follow formula:
where the i, j value is 0, the unknown sample will be distributed to background, where the i, j value is 1, the unknown sample will be distributed to the foreground. The components of the same class are marked with the same token, and the components having the same token are give the same value.
We find that when the number of super pixels after clustering is low, the GrabCut image segmentation algorithm will demonstrate the segmentation deterioration phenomena. Specific performances are as follows: (1) a large number of outliers are generated in the simplify image and the degree of discrepancy between regions decrease; and (2) the background and target cannot be stripped off very well. In order to solve the segmentation degradation phenomenon when the number of super pixels is low, we introduce the minimumerror Bayes classification. This operation allows a large number of isolated points to be reclassified, the degree of discrepancy between regions to be improved, and the foreground of the simplified image to be prominent. The above improvement effects improve the final segmentation result.
As shown in Fig. 2 , using the images in the extended complex scene saliency dataset (ECSSD) database as an example, we test the segmentation results of the improved algorithm under bad conditions. In contrast, the degree of discrepancy problems of (b) is improved in the proposed algorithm, and the target and background can be stripped off very well. The outlier phenomenon of (e) has been relieved, and the isolated sites are fused with the surrounding region. It can be seen that the minimum-error Bayes classification can be used to suppress the image segmentation deterioration. In the next section, we illustrate this through experiments.
D. IMPROVED GRABCUT SEGMENTATION ALGORITHM BASED ON SLIC
The GrabCut algorithm is designed as a simple men-machine interaction image segmentation algorithm that needs an iterative solution based on GMM. The improvement accuracy of segmentation, and the time consumption of segmentation increase. In order to solve the above problem, SLIC was used to preprocess the image that it takes to a specific point instead of a super pixel block in the image. This improvement makes the efficiency of segmentation better, but serious segmentation error will occur when the reborn super pixels are less.
By force of contrast, we find that there are two main reasons for the segmentation error: (1) The SLIC is used as a specific point instead of a super pixel block, which reduces the correlation between the new pixel in simplify image, producing a large number of isolated points equivalent to noise; and (2) The less pixel points and information carried by the image, the less the degree of discrepancy between the target and the background, which makes the foreground no longer prominent.
Based on the above analysis, this paper uses the minimumerror Bayes classification to classify the simple image in the first. The same pixel value is assigned to the same classification region, which can increase the correlation between the areas, reduce the isolated points, and high the foreground. The SLIC is used again to obtain the RGB mean value of the region block, to replace the pixel values of each point, and the isolated points are further reduced. Since the GrabCut algorithm is processed in the simplified image, the computational complexity and time cost is reduced. After that, K-means clustering is used for the GMM model on the processed image, the s-t network diagram is constructed with the modeling pixel and the GMM parameters are updated iteratively. Finally, minimum cut algorithm [19] is used to obtain the image segmentation result.
Enter an image I, represented by a set of
Each pixel is required to assign a label in the GrabCut algorithm, and is expressed by the vector of α = {α 1 , α 2 , . . . α n , . . . , α N }. Among them α n ∈ {0, 1}, when α n = 0, pixel belongs to the background, when α n = 1, pixel belongs to the foreground. Suppose that the number of pixels of the image obtained by the SLIC is N . After Bayes classification and the second SLIC processing we design the super pixels in the image represented by vector G={G1, G2,..Gn,..G N }. Among them, Gn is the nth super pixel. In this algorithm, we use G instead of L to perform the following calculations. The two GMM parameters are updated iteratively, one of them belongings to the foreground, and the other belongings to the background. Two GMM parameters are composed of many K Gaussian model, and each pixel is designed with a parameter kn. The parameter of the foreground or background is determined by the α n value. The Graph cut algorithm for image segmentation is generally attributed to the minimization of energy function [20] , and the energy function consists of two components:
where λ is the balance factor,R(·) is the regional term and B(·) is the boundary term. In this paper, the Gibbs energy function can be written as:
where U (·) is a regional term, and V (·) is a boundary term. In this algorithm U (·) can be written as:
Among them: (9) where p(·) is the Gaussian probability distribution, π(·) is the mixed weight coefficient, µ(·) is the Gaussia model mean, (·) is the covariance matrix, and θ can be expressed as:
Boundary terms:
where G is the adjacent pixel pair, γ = 50, [·] is an indicator, the value is 0 or 1,and β = (2 G m − G n ) −1 . · is the mathematical expectation of the sample. 
III. ALGORITHM FLOW

Step1. Enter an image I. The SLIC is used to cut the image I in-to
IV. EXPERIMENTAL RESULTS AND ANALYSIS
In this section, a set of color images with natural scenes was used to test the performance of the proposed method. In order to verify the effectiveness of this algorithm, this paper selects three different kinds of images for comparison and analysis. Through experimentation, we set the super pixel generated by the SLIC pre-segmentation to the same value in the same picture to make the algorithm comparable, and the compact coefficient m is defined as 150. The experiments were performed using 48 images such as animals, plants, humans, and cars,etc. For a more objective comparison of experimental results, we use precision and recall. Recall and precision are two metric values widely used in image segmentation results, used to evaluate the image segmentation. Precision is the fraction of retrieved instances that is relevant, while recall is the fraction of relevant instances that is retrieved [21] . 
where N ( ) is the number of pixels, Obj EX is the object, and Obj GT is ground truth objects. The tested images are broadly classified into the following three categories: (1) Single-target cutting in simple background images, (2) Single-target cutting in complex background images, and (3) Multiple-target cutting in complex background images. We test the contrast algorithm, and give the corresponding objective index. Performance of [21] , and [22] and the proposed method is compared [22] .
Single-target cutting in simple background images. As shown in Fig. 3 , we see that three algorithms are used to finish the cutting process very well. Differences exist on a small number of boundaries. This will lead the segmentation results to miss part of the target or contain too much background information. On this basis, the algorithm proposed in this paper can be used to peel off the target and boundary very well, and the segmentation boundaries have been cut smoother. Table 1 , also shows the effectiveness of the algorithm. Single-target cutting in complex background images. As shown in Fig. 4 , we test the performance of the three algorithms in different complicated environments. Under illumination, shadow, texture, blurred boundary and other adverse conditions, we compare different segmentation results and find the problem is the presence of a large number of outliers. The degree of discrepancy between the target and the background has been weakened by image simplification. Some of the outliers in the background are treated as false targets and true goals are cut together. A large number of outliers exist in the final segmentation results, which will affect the subsequent processing of image segmentation. In this paper, the algorithm combines the minimum-error Bayes classification and then classifies the hyper pixels after the image is simplified. Based on the theory of minimum error, the ownership of hyper pixel points is redivided, and the degree of discrepancy between the target and the background is enhanced. In the next operation, the object and background can be well segmented. The experimental results prove the effectiveness of our improved algorithm. Segmented results by different segmentation algorithms. The first row shows the original images, the second row shows the segmented results by Ref. [22] , the third row shows the segmented results by Ref. [21] , and the fourth row shows the segmented results by proposed method. (a) Original images, (b) Ref. [22] , (c) Ref. [21] , (d) Proposed method.
As shown in Table 2 , when dealing with single target cutting in complex background images, our proposed algorithm has more advantages.
Multiple-target cutting in complex background images. Compared with single target cutting in complex environment, Different background environments and target characteristics have a significant influence on multiple-target segmentation in complex environments. As shown in Fig. 5 , the main problem of existing algorithms is that the degree of discrepancy between the target edge and the background is smaller, and the segmentation algorithm cannot distinguish the background and target well. The target is blended with the background and is cut out. In this paper, the algorithm combines the minimum-error Bayes classification and then classifies the hyper pixel after the image is simplified. Based on the theory of minimum error, the ownership of hyper pixel points is redivided, and the degree of discrepancy between the target and the background is enhanced. By means of such 
FIGURE 5.
Segmented results by different segmentation algorithms. The first row shows the original images, the second row shows the segmented results by Ref. [22] , the third row shows the segmented results by Ref. [21] , and the fourth row shows the segmented results by proposed method. (a) Original images, (b) Ref. [22] , (c) Ref. [21] , (d) Proposed method.
operations, the multiple targets are clearly divided, and the target and the background have been stripped off.
As shown in Table 3 , when dealing with multiple target cutting in complex background images, our proposed algorithm has more advantages.
We obtain the average of the objective evaluation indexes for the image segmentation results under three different conditions. As shown in Fig. 6 and Fig. 7 . According to the objective index contrast, compared with existing algorithms, the proposed algorithm has advantages in image segmentation in complex environments. 
V. CONCLUSION
Color image segmentation is one of the hot spots in the field of image processing, and often takes a lot of time to obtain an accurate segmentation result. Due to the amount of information contained in images and their unpredictable complexity, efficiency is poor and time consuming, lacking in precision and impractical when applied to long image sequences. A simplified segmentation model is used to solve this problem. Though the segmentation efficiency will be improved after the segmentation model is simplified, the segmentation accuracy will be reduced in many cases accordingly. Therefore, we propose a novel GrabCut color image segmentation based on Bayes classification and SLIC. By force of contrast to the objective evaluation, it is a highly effective segmentation algorithm. There exists serious oversegmentation phenomenon that caused by the number of the pixels of the pre-segmentation is less is improved in this paper. Minimum-error Bayes classification is used to solve the segmentation deterioration problem and the corresponding problems have been improved. As future work, we would like to design a more discriminative and computationally practicable segmentation process.
